Variations in the fat mass and obesity-associated (FTO) gene are linked to obesity. However, the underlying neurobiological mechanisms by which these genetic variants influence obesity, behavior, and brain are unknown. Given that Fto regulates D2/3R signaling in mice, we tested in humans whether variants in FTO would interact with a variant in the ANKK1 gene, which alters D2R signaling and is also associated with obesity. In a behavioral and fMRI study, we demonstrate that gene variants of FTO affect dopamine (D2)-dependent midbrain brain responses to reward learning and behavioral responses associated with learning from negative outcome in humans. Furthermore, dynamic causal modeling confirmed that FTO variants modulate the connectivity in a basic reward circuit of meso-striatoprefrontal regions, suggesting a mechanism by which genetic predisposition alters reward processing not only in obesity, but also in other disorders with altered D2R-dependent impulse control, such as addiction.
Introduction
Although variations in the fat mass and obesity-associated (FTO) gene are currently the strongest known genetic factor predisposing humans to nonmonogenic obesity 1 (Dina et al., 2007; Frayling et al., 2007) , recent experiments have linked the same variants to a broad spectrum of altered behavioral responses (for review, see Hess and Brü ning, 2014) , including food choice, attention deficiency, impulse control, and substance abuse (Sobczyk-Kopciol et al., 2011; Choudhry et al., 2013; Karra et al., 2013; Chuang et al., 2015) ; also, the A variant of rs9939609 has been recently associated with a lower risk of depression (Samaan et al., 2013) . However, the underlying neurobiological mechanisms by which FTO or obesitypredisposing variants of the human FTO gene affect behavior remain elusive.
Importantly, the dopaminergic mesolimbic circuitry and brain autonomic networks are critical regulators of these behaviors and are altered upon obesity development (Stice et al., 2008; Kenny, 2011a; Volkow et al., 2011) . Moreover, our recent analysis of Fto-deficient mice revealed that a lack of Fto specifically impairs dopamine receptor D2/3-mediated control of neuronal activation. Here Fto deficiency led to increased 6-methyl adenosine modification of specific mRNAs of critical components of D2/3R-signaling, including that of D3R and the GIRK2-channel, thus reducing their translation and affecting dopamine-dependent regulation of locomotor activity and reward sensitivity (Hess et al., 2013) . Consistently, behavioral alterations associated with FTO variants in humans have also been linked to altered dopaminergic transmission (Kenny, 2011b) . These findings raise the possibility that dopamine-regulated neuronal responses and associated behavioral patterns might be affected in human carriers of FTO risk alleles as well.
Another genetic factor influencing D2R signaling and body weight is the TaqIA restriction fragment length polymorphism (rs1800497), located in the ankyrin repeat and protein kinase domain-containing protein (ANKK)1 gene, downstream from the D2R gene (Neville et al., 2004) . Healthy individuals who carry the A1 allele, compared with those who do not, show diminished striatal D2R density (Jönsson et al., 1999) and reduced glucose metabolism in dopaminoceptive regions involved in reward processing (Noble et al., 1997) . This genetic trait has been shown to moderate (1) increased likelihood of obesity (Noble et al., 1994) , (2) food reinforcement and intake, especially in obese individuals (Epstein et al., 2007) , and (3) the association between neural responses and weight gain (Stice et al., 2008) .
Because Fto regulates dopaminergic signaling in mice and ANKK1 affects D2R signaling in humans, we tested whether FTO and ANKK1 gene variants may interact to control D2-dependent behavior and associated neural responses. We reasoned that such an interaction would provide direct evidence that FTO gene variants modulate D2-dependent neurotransmission in humans as well.
To evaluate the individual contributions and potential interaction of FTO and ANKK1 gene variants in dopamine-controlled behavior, we tested the effect of genotype on reward and avoidance learning. To investigate whether rewarding outcomes engage DA signaling depending on genotype, we used fMRI. Our prior finding from Fto-deficient mice (Hess et al., 2013) suggested that a lack of Fto specifically impairs D2/3R-mediated autoinhibition of dopaminergic midbrain neurons. Furthermore, ANKK1 genotype modulates midbrain response to rewards in humans (Felsted et al., 2010) , and reward prediction errors (PEs) are encoded by phasic dopamine release from neurons in the ventral tegmental area/substantia nigra (VTA/SN) (Schultz et al., 1997; Montague et al., 2004) . For these reasons, we focused our primary analysis on PE signals in the midbrain.
To further scrutinize these genetic effects on dopaminergic processes, we investigated whether FTO and ANKK1 variants would modulate connections between reward responsive regions, including mesolimbic and mesocortical efferents of the midbrain. To this end, we used dynamic causal modeling (DCM) (Friston et al., 2003) for inferring effective connectivity from fMRI data. Specifically, we examined connectivity between (1) midbrain, (2) ventral striatum, which plays a central role in reward processing (Haber and Knutson, 2010) , and (3) medial prefronal cortex, which is crucial for evaluating contextual aspects of reward and in adaptive coding of reward PEs (Park et al., 2012) .
Materials and Methods
Participants. Ninety-two healthy volunteers (45 male) participated in the study. Participants were selected based on the genetic stratification of a larger sample (589 health individuals) and differed according to their FTO (rs9939609 T/A variant) and ANKK1 (rs1800497 G/A variant) genotype but were matched for similar age (26 Ϯ 0.45 years), body mass index (BMI) (23 Ϯ 0.22), and general intelligence (Table 1) ; participants were further assessed by the Beck Depression Inventory II (Beck et al., 1996) to preclude an acute depression. For reasons unrelated to these criteria, 13 further subjects had to be excluded from data analysis: two participants due to malfunction of the MR scanner, another for an incomplete test phase as the participant experienced panic inside the scanner, and 10 others because they did not perform the task satisfactorily. We used an elimination criterion regarding the performance in the test phase such that subjects whose correct responses on AB trials were less frequent than wrong responses (AϽB) were eliminated. In total, 79 subjects were included in further data analyses (Table 1 ). All participants gave written informed consent to participate in the experiment, which had been approved by the local ethics committee of the Medical Faculty of the University of Cologne (Cologne, Germany).
DNA isolation and SNP genotyping. Isolation of DNA from buccal swabs was performed using the QIAamp DNA Blood Mini Kit (# 51106, QIAGEN) according to the manufacturer's instructions. Concentration and quality of the DNA were determined with an ND-1000 UV/VisSpectrophotometer (Peqlab). SNP genotyping for rs9939609 (FTO) and rs1800497 (ANKK1) was performed with 20 ng of DNA in triplicates using allelic discrimination assays (TaqMan SNP Genotyping Assays, Applied Biosystems by Invitrogen). The genotyping PCR was performed on a 7900HT Fast Real-Time PCR System (Applied Biosystems), and the resulting fluorescence data were analyzed with Sequence Detection Software version 2.3 (Applied Biosystems).
Reinforcement learning and choice task. After informed consent was obtained, participants completed the probabilistic selection task developed by Frank et al. (2004) and formerly applied in the same form by Jocham et al. (2011) . It consisted of two phases: an initial reinforcement learning ("training") phase and a subsequent transfer ("test") phase. We performed both phases during one fMRI session.
During the learning phase, participants were presented with pairs of symbols that were probabilistically associated with reward. In each of three pairs, one symbol was always "better" (i.e., associated with a higher reward probability) than the other, but the differences in the reward probability were unequal across the three pairs. Symbol pairs were presented in random order, and subjects had to learn to choose the more frequently rewarded symbols from these pairs. Immediately after each choice, the outcome (a smiling face indicating a reward or a frowning face for no reward, see Fig. 1a ) was revealed. The three stimuli pairs were animal figures and associated with 80%/20%, 70%/30%, or 60%/40% of positive feedback (see Fig. 1b ). This setup provided a varied learning scenario, including difficult-to-learn and easier-to-learn trials. Each pair was presented 120 times; the whole session comprised 401 trials, including 41 null events (black screen). After this reinforcement learning session, subjects underwent a test phase where the stimuli consisted of all 15 possible combinations of the 6 animal figures presented during the learning session. In this test phase, the subject was asked to choose the better option ("choose A" trials) or to avoid the worse option ("avoid B" trials, see Fig. 1b ) based on the previous experience with the stimulus pairs. Statistical analysis. To statistically evaluate differences between FTO and ANKK1 gene variants on choice behavior, unpaired t tests were performed; before this and to test their interaction, an ordinary one-way ANOVA was calculated. Before all statistical calculations, a D'AgostinoPearson omnibus normality test was done to verify that the data were compatible with a normal distribution. A significance level of p ϭ 0.05 was chosen in all statistical tests.
Reinforcement learning model. A standard action-value ( Q) learning model (Watkins and Dayan, 1992 ) was fitted to the participant's behavior in the reinforcement learning phase (for details, see Jocham et al., 2011) . The model estimates the action values, Q͑ A͒, Q͑B͒, …, Q͑F͒, for each of the six stimuli, A to F. These values are updated on every trial as follows:
where i is the current trial, ␣ is the learning rate, and ␦ is the PE, which is computed for any given trial i according to the following:
where r i is the reward on trial i, which is either 1 or 0.
Therefore, in case of a positive reward, PE will be positive because reward is modeled with a value of 1; by contrast, a nonrewarding trial is modeled with a value of 0, resulting in a negative PE. The learning rate ␣ scales the impact of the PE (i.e., the degree to which PE is used to update the action value). This model assumes that subjects make choices based on the softmax decision rule (Sutton and Barto, 1998) . That is, on each trial i, the probability of the model for (e.g., choosing A) is as follows:
The parameter reflects the subject's individual bias toward either exploratory (random choice of a response) or exploitatory (choice of response with the highest Q value) behavior. To fit the free model parameters ␣ and to choices that were actually made by the participant, the negative log-likelihood was minimized. A systematic grid search procedure examined both parameters, from 0.01 to 1 for ␣, and from 0.01 to 3 for , with a step size of 0.01. Previous studies on reinforcement learning have suggested that humans may differ in learning from positive or negative PEs (e.g., Niv et al., 2012) . It has therefore been proposed (Collins and Frank, 2012; Niv et al., 2012; Gershman, 2015 ) that separate learning rates may mediate updates in response to positive and negative PEs, respectively. For the behavioral data recorded in this study, however, statistical model comparison indicated that a model with two distinct learning rates was inferior to a model with a single learning rate (i.e., assuming two learning rates did not explain the behavioral data better than using a single learning rate when taking into account the added model complexity afforded by the additional parameter). Specifically, using the Bayesian Information Criterion (Schwarz, 1978) and random effects Bayesian model selection , we found that the more parsimonious model with a single learning rate was favored very strongly, with a protected exceedance probability of 0.995 (Rigoux et al., 2014) . As a consequence, we used the results from the single learning rate model for all subsequent analyses.
fMRI acquisition and analysis. Imaging was performed on a Siemens 3T Trio scanner (maximum gradient strength 40 mT/m). Functional time series of each subject were acquired with a TxRx head coil (Siemens). For functional time series, 30 axial slices (field of view 192 mm ϫ 192 mm, thickness 3 mm, 0.3 mm interslice gap, 64 ϫ 64 pixel matrix) parallel to the commissural line (AC-PC) were acquired in a descending order from top to bottom using a single-shot gradient echo-planar imaging sequence (EPI: TR ϭ 2000 ms, TE ϭ 30 ms, bandwidth ϭ 116 kHz, flip angle 90°). Additionally, high-resolution T 1 -weighted images were acquired in a separate scanning session using a 12-channel array head coil with a whole-brain field of view (MDEFT3D: TR ϭ 1930 ms, TI ϭ 650 ms, TE ϭ 5.8 ms, 128 sagittal slices, resolution ϭ 1 ϫ 1 ϫ 1.25 mm 3 , flip angle ϭ 18°).
fMRI data were analyzed using statistical parametric mapping (SPM8; Wellcome Department of Imaging Neuroscience, London) in MATLAB version 7.12 (The MathWorks). Following realignment of the functional images and coregistration of the structural image to the mean functional image, we segmented the structural image and normalized both functional and structural images to a standard template in MNI coordinate space. The functional images were smoothed, applying an 8 mm FWHM Gaussian kernel and resampled to isotropic resolution. Additionally, a high-pass filter with a cutoff of 1/128 Hz was applied to remove all slowly varying signals from functional data.
Preprocessed scans from the learning phase were analyzed with GLMs, using maximum likelihood estimation for serially autocorrelated observations (Worsley and Friston, 1995) at the first level, with SPM8 (version 4290). The design matrix comprised regressors for reward and punishment onsets as well as the motion parameters, and the positive and negative PEs separately derived from the model as parametric modulators. Preprocessed scans from the test phase were modeled with a separate GLM at single-subject level, where onsets for "choose A" and "avoid B," as well as onsets for events of no interest (any stimuli except "choose A" and "avoid B"), and motion parameters were included as regressors. Relevant single-subject activations were further evaluated with volumeof-interest (VOI) analysis. Based on our prior finding from Fto-deficient mice (Hess et al., 2013) , that a lack of Fto specifically impairs D2/3R-mediated autoinhibition of dopamine neurons in the midbrain, we applied an anatomical mask for VOI analyses of the VTA/SN (Bunzeck and Düzel, 2006) . Additionally, there is evidence that the ANKK1 genotype modulates the midbrain response to rewards in humans (Felsted et al., 2010) ; this result, however, was based on a categorical analysis and did not use a model of trialwise computational quantities.
After individual fMRI data from learning and transfer phases had been subjected to GLM analysis and relevant contrasts had been estimated, we searched for the peak effect size within our VTA/SN VOI for each condition at the single-subject level, using the RFXplot toolbox (Gläscher, 2009) . To statistically test differences between FTO and ANKK1 gene variants on VTA/SN activation, unpaired two-tailed t tests were performed; before this and to test their interaction, an ANOVA was calculated. Before all statistical calculations, a D'Agostino-Pearson omnibus normality test was done to verify that the data were compatible with a normal distribution. A significance level of p ϭ 0.05 was chosen in all statistical tests. To assess the relationship between PE coding in the VTA/SN VOI and choice performance, a linear (Pearson's correlation) regression model was used.
DCM. DCM represents a Bayesian framework for identification and comparison of hierarchical generative models (state-space models) of neuroimaging data. For fMRI, DCM is primarily used to estimate the strengths of directed connections between brain regions that are active during a particular task, and how these connections change dynamically as a function of some controlled experimental variable (e.g., PE) (Friston et al., 2003) . Here, we constructed a simple three-region DCM to infer whether FTO and ANKK1 genotype variants modulate connections of a basic reward circuit, including mesolimbic and mesocortical efferents of the dopaminergic midbrain. Specifically, we quantified the effective connectivity between (1) VTA/SN, (2) nucleus accumbens (NAcc), and (3) medial prefrontal cortex (mPFC); compare the introduction for a rational and references. We used Bayesian model selection to investigate different variants of our three-region DCM; the set of alternative models (model space) is described below.
Specification of DCMs. We created and estimated DCMs with DCM10 as implemented in SPM8 (version 4290). The DCMs were based on the ROIs and time series extraction described above and used the main ef-fects as outlined above (see Model space construction). All DCMs were deterministic, two of eight alternative models were bilinear, and all others were nonlinear DCMs, where activity between two regions is modulated by a third region .
ROI time series extraction. We used a combination of anatomical and functional constraints to extract regional time series. For an anatomical definition of VTA/SN and NAcc, we applied masks: provided by Bunzeck and Düzel (2006) and the Harvard-Oxford Subcortical Structural Atlas, respectively. For time series extraction from VTA/SN and NAcc, a 3 mm sphere was defined within the anatomical masks and around the peak voxel of each subject's "positive PE" (for VTA/SN) and "reward Ͼ punishment" contrast (for NAcc). For mPFC, we defined a 3 mm sphere around the peak voxel, which was limited to a search region of 6 mm distance from the group level "reward Ͼ punishment" contrast maximum [Ϫ3, 53, 1] and anatomically constrained by a mPFC mask created with the tool neurosynth (http://wagerlab.colorado.edu/). All time series were adjusted by an "effects of interest" F contrast, thus removing confounds, such as head movements (represented by a linear combination of realignment parameters).
Model space construction. For defining the inputs used in the DCM analyses, we constructed a further GLM where rewarded and unrewarded trials were merged into the same regressor ("trial"), followed by two regressors of positive and negative PEs. Based on the activations in our GLM analyses as well as the longstanding literature about reward neurocircuitry, we focused on a simple three-region model. The key idea of this model is that activity in VTA/SN encodes trialwise PEs (i.e., a bilinear modulation of VTA/SN self-connections with trialwise PEs; encoded in the B matrix), and that the efferent connections of VTA/SN convey this PE signal to dopaminoceptive target regions (here: NAcc and mPFC), either via the endogenous connections of the model (A matrix) or in a nonlinear (multiplicative) fashion (D matrix).
Two structural elements (the A and B matrices) were identical for all models. We assumed a fully connected model (i.e., bidirectional connections between SN/VTA, NAcc, and mPFC) (see Fig. 2e ), and we assumed that PEs modulated the self-connections of VTA/SN in a trial-by-trial fashion. Two other model components varied across models (C and D matrices), resulting in model space with a 2 ϫ 4 factorial structure. First, we considered that the driving input "trial" would either enter the midbrain or drive all three regions. Second, in each model, midbrain activity modulated one of the four different pairs of connections (i.e., VTA/SN7 Nacc, VTA/SN7 mPFC, mPFC7 Nacc, or none of the connections). In total, we thus estimated eight alternative models per subject with DCM.
Bayesian model selection and Bayesian model averaging. We used random effects Bayesian model selection with Gibbs sampling for model comparison, which yields a posterior probability for each of the tested models . We grouped models into four families based on the D matrix (i.e., how midbrain activity modulated different connections as explained above). Each family consisted of two nested models differing only by their driving input configuration (C matrix). Familywise model comparison showed that the models without any nonlinear (quadratic influence) of the VTA/SN on other connections best described the data, as indicated by a protected exceedance probability of 1 (compare Rigoux et al., 2014). We then merged the two models of the winning family using Bayesian model averaging , where the parameter estimates of each model considered are weighted by the posterior probability of the model. The resulting parameter estimates provided a basis for examining genetic effects on connectivity strengths within our modeled reward circuit. Specifically, we ran post hoc twotailed t tests between carriers and noncarriers on the subjectwise parameterestimatesprovidedbyBayesianmodelaveraging:(1)A1 ϩ versusA1 Ϫ group, (2) FTO ϩ versus FTO Ϫ group, and (3) the interaction of both.
Results
To evaluate the individual contributions and potential interaction of FTO and ANKK1 gene variants in dopamine controlledbehavior, we tested the effect of genotype on reward and avoidance learning by using a probabilistic selection task. (Frank et al., 2004; Klein et al., 2007; Jocham et al., 2011) (Fig. 1a,b) and distinguishes learning about rewarded events ("choose A" trials) from learning to avoid nonrewarded choices ("avoid B" trials).
Comparing behavioral performance on this task between FTO genotypes (group ϫ choice interaction: F (1,152) ϭ 6.22, p ϭ 0.014) revealed no significant difference during "choose A" trials ( p ϭ 0.112; Fig. 1c ), whereas correct choices during the "avoid B" trials were significantly ( p ϭ 0.009) reduced in the FTO ϩ compared with the FTO Ϫ group of participants. Similarly, and in line with previous studies (Klein et al., 2007) , whereas correct choices during "choose A" trials did not differ significantly between A1 Ϫ and A1 ϩ individuals ( p ϭ 0.206; Fig. 1d ), correct choices during the "avoid B" trial were significantly ( p ϭ 0.048) reduced in A1 ϩ compared with A1 Ϫ individuals (group ϫ choice interaction: F (1,152) ϭ 3.05, p ϭ 0.08). Interestingly, comparing the effect of combined FTO and ANKK1 genotypes revealed a trend towards a reduction of correct choices during the "choose A" trial only between FTO Ϫ A1 Ϫ versus FTO ϩ A1 ϩ carriers ( p ϭ 0.066, whereas the gene ϫ gene interaction: F (3,74) ϭ 3.74, p ϭ 0.601, is not significant; Fig. 1e ). However, there was a robust reduction of correct choices during "avoid B" trials in a gene dosagedependent manner; that is, correct choices to "avoid B" decreased in the presence of either the FTO ϩ or A1 ϩ allele and carriers of the combination of both at-risk alleles performed significantly worse than carriers of the individual at-risk alleles (gene ϫ gene interaction: F (3,74) ϭ 2.88, p ϭ 0.041; Fig. 1f ). These experiments indicate that FTO gene variants affect D2-dependent learning from negative outcomes and that the group differences in learning behavior are determined by the combination of both genotypes, moreover pointing toward a genetic interaction of FTO-and ANKK1-regulated processes.
To address the effect of the FTO gene variants, the ANKK1 gene variant, and their interaction on neuronal activation, we used fMRI to investigate whether rewarding outcomes engaged DA neurons depending on genotype. Here, we focused our primary analysis on PE processing in the VTA/SN and thus performed VOI analyses in this area.
fMRI measurements of VTA/SN activity revealed a significantly reduced positive PE response in a gene-dosage-dependent manner (i.e., the peak effect size associated with neural response of the positive PE in VTA/SN decreased in the presence of either the FTO ϩ or A1 ϩ allele), and carriers of the combination of both risk alleles exhibited significantly reduced responses compared with noncarriers of the individual at-risk alleles (FTO Ϫ A1 Ϫ ; Fig. 2a) .
Strikingly, these reduced PE responses in the dopaminergic VTA/SN (Fig. 2b) were associated with poorer ability to avoid negative outcomes during a later test phase (Fig. 2d) , whereas learning to select the most rewarding stimulus (choose A) did not correlate with a positive PE response in VTA/SN (Fig. 2c) . These task (a, b) and behavioral results (c-f ). a, Schematic task sequence, event order, and durations within a trial. Following selection of one of the two stimuli, the choice was visualized by a white frame. This was immediately followed by positive or negative feedback, according to the task schedule. b, Pairs of stimuli associated with different reward probabilities (percentage positive feedback). In the subsequent test phase, new combinations of the stimuli are presented to assess participants' performance on learning more from negative feedbacks or from positive feedbacks. Trials were identical to those from the learning phase, with the exception that no outcome was presented. Results of the behavioral post-test. c, Choosing the better option A and avoiding the worse option B differs between the FTO groups; correct choices during "avoid B" trials are significantly reduced in the FTO ϩ group, but there is no significant reduction in "choose A" trials. d, Behavior also differs between groups defined by ANKK1 genotype: choose A trials did not significantly differ between A1 Ϫ and A1 ϩ individuals, whereas correct choices during "avoid B" trials were significantly reduced in A1 ϩ individuals. e, Combined FTO and ANKK1 genotypes do not show statistically significant differences on "choose A" trials, but a trend toward a reduction of correct choices on these trials between FTO Ϫ A1 Ϫ and FTO ϩ A1 ϩ carriers. f, Reduction of correct choices during "avoid B" trials in a gene dosage-dependent manner; choices decreased in the presence of either the FTO ϩ or A1 ϩ allele, and carriers of the combination of both risk alleles performed significantly worse than noncarriers. Values are mean Ϯ SEM.
results demonstrate that the FTO gene variants alter midbrain responses during reward learning, which is in turn associated with impaired avoidance learning. Again, we found a gene ϫ gene interaction with ANKK1 variants (F (3,74) ϭ 3.82, p ϭ 0.013).
To further scrutinize these genetic effects on dopaminergic processes, we investigated whether FTO and ANKK1 variants would modulate the functional coupling between rewardresponsive mesolimbic and mesocortical regions. Hence, we used DCM for inferring effective connectivity from the fMRI data (Fig.  3a) . This connectivity analysis suggested a modulatory effect of FTO on the connectivity from VTA/SN to NAcc ( p ϭ 0.055; Fig.  3b , left) and from NAcc to mPFC ( p ϭ 0.017; Fig. 3b, middle) , whereas ANKK1 influenced connections from VTA/SN to mPFC ( p ϭ 0.045; Fig. 3b, right) . Strikingly, increased connection strengths between VTA/SN and NAcc were associated with poorer ability to avoiding negative outcomes (Fig. 3c) . These results provide further evidence that FTO regulates the function of dopaminergic brain areas in the context of avoidance learning.
Discussion
Variations in the FTO gene have been robustly linked to obesity across multiple studies and ethnicities (Frayling et al., 2007) . The underlying mechanism explaining how the FTO gene product contributes to obesity-related behaviors has remained largely unclear. Based on recent evidence that Fto regulates D2/3R signaling in mice, we tested whether obesity-predisposing variants of FTO in humans would influence D2R-dependent behavioral and neural responses during a reward and avoidance learning task and whether they would interact with variants of ANKK1, which is also associated with obesity and D2R signaling (Noble et al., 1994; Stice et al., 2008) to influence behavioral, neural, and perceptual responses during a reward learning and in response to reward. The present behavioral and fMRI analyses indeed revealed an interaction of these gene variants and thereby suggest a role for FTO variants in regulating reward learning in humans.
Both pharmacological and genetic studies have linked the ability to learn from positive and negative feedback to dopaminedependent neurotransmission within basal ganglia neurcircuitry (Hikida et al., 2010; Frank and Fossella, 2011; Chowdhury et al., 2013) . The "direct" pathway, populated mostly by D1R-expressing neurons, is critical for optimizing behavior based on positive outcomes and error signaling, whereas the "indirect" pathways, using mostly D2/3R-expressing neurons, is critical in optimizing behavior based on negative outcomes and error monitoring (Frank and Fossella, 2011) . Consistent with our hypothesis that FTO and ANKK1 variants produce synergistic effects on D2/3 receptor neurotransmission, individuals possessing both at-risk alleles performed significantly worse on negative, but not positive, outcome learning. We also found reduced responses in the VTA/SN associated with PE signaling in a gene-dosagedependent fashion, with reduced responses in carriers of a single at-risk allele and further reductions in carriers of both at-risk alleles. This diminished midbrain response during the generation of PEs was associated with the magnitude of impaired performance in negative outcome learning. No associations were observed here with positive outcome learning, which was unaffected by genotype. Frank et al. (2007) previously showed that T/T homozygotes of the DRD2 gene, who have the highest D2 receptor availability, performed selectively better on avoiding nonrewarded choices ("avoid-B" trials). This is compatible with our findings, which show that performance on "avoid-B" trials was significantly reduced in genetic groups with lower D2 receptor density in the striatum (i.e., A1 ϩ group) as demonstrated by combined genetics and positron emission tomography studies (Pohjalainen et al., 1998; Jönsson et al., 1999) and lower mesostriatal DA transmission due to higher midbrain autoinhibition mediated by D2R autoreceptors (FTO ϩ group). As a cautionary note, it must be pointed out that the latter is inferred from genetic and physiological studies in mice (Hess et al., 2013) and has not been directly demonstrated in humans. Nevertheless, by using positron emission tomography with separate tracers selective for D1R and D2R and relating these measures to performance on a different probabilistic selection task (Frank et al., 2004; Frank and Hutchison, 2009), Cox et al. (2015) recently confirmed that individual differences in human reward and avoidance learning are indeed predicted by variability in striatal D1 and D2 receptor binding, respectively. Specifically, their results do support a selective modulation of learning from negative outcomes by D2 signaling.
Our results demonstrate that FTO and ANKK1 variants not only alter midbrain responses individually during reward learning but also suggest that their effects interact. Moreover, both variants differentially affected mesolimbic and mesostriatal connectivity during reward learning, which, in turn, was associated with impaired avoidance learning. We need to emphasize, however, that our connectivity results are reported at uncorrected levels and should thus be considered with some caution. Generally, correcting connectivity estimates based on any generative model, such as DCM, for multiple comparisons is a nontrivial issue because of the posterior dependencies of model parameters that are ubiquitously encountered in biological systems (Gutenkunst et al., 2007) . These dependencies render conventional correction methods, such as Bonferroni correction, very conservative ).
An additional limitation of our study concerns the imaging method (fMRI). One interpretational caveat concerning all fMRI studies of midbrain activity or connectivity is that BOLD signals from the midbrain are not guaranteed to reflect the activity of dopaminergic neurons because the midbrain is heterogeneous in cellular composition and also contains GABAergic (Steffensen et al., 1998; Korotkova et al., 2004 ) and a small proportion of glutamatergic neurons (Morales and Root, 2014) , such an anatomical complexity is paralleled by a functional complexity because dopaminergic neurons can corelease glutamate or GABA (Pignatelli and Bonci, 2015) . However, as demonstrated by multimodal investigations of the correspondence between striatal DA release and midbrain BOLD activity in response to reward PEs or novel stimuli (Dü zel et al., 2009) , for paradigms specifically probing (reward) PEs, one may be relatively confident that phasic BOLD responses mainly arise from dopamine neuron activity. Additionally, the genetic effects we investigate in this paper have an established biological relation to dopamine signaling; as mentioned above, the ANKK1 gene is known to affect D2R density (Pohjalainen et al., 1998; Jönsson et al., 1999) , and Fto affects DRD2-signaling mice (Hess et al., 2013) . Direct evidence linking impaired avoidance learning to risk for obesity is lacking, and our study only considers normalweight participants. A comparison of groups with different mean BMI would have introduced potential confounds that are more severe. For example, BMI per se has previously been demonstrated to impact on dopaminergic signaling both in rodents and humans (Wang et al., 2001; Volkow et al., 2011; Babbs et al., 2013) . By matching BMI across groups in our study, we deliberately focused on "pure" effects of risk genes on DA signaling in the absence of general BMI effects. In other words, we asked whether the combined presence of ANKK1 and FTO risk alleles might affect DA signaling and choice behavior before the manifestation of increased body weight.
However, obese compared with normal-weight individuals perform worse on negative, but not positive, outcome learning (Coppin et al., 2014) , and rodents with diet-induced obesity fail to resist lever pressing for food in the presence of an aversive shock (Johnson and Kenny, 2010) . Failure to avoid negative outcomes is in turn linked to impulsivity and obesity (Davis and Fox, 2008; Davis et al., 2008; Stoeckel et al., 2013) . Thus, the synergistic impairment of D2/3R-dependent signaling in combined FTO/ ANKK1 risk allele carriers, which our study found to reduce the ability for avoidance learning may thereby contribute to a predisposition for obesity. Further investigations of the combined effect of ANKK1/FTO risk alleles on dopaminergic signaling will be important, not only for clarifying their role in obesity development but also in the manifestation of other disorders with altered D2/3-R-dependent impulse control, such as substance abuse or pathological gambling.
